Metamodel-based design of alluvial channels at incipient motion subjected to seepage. Hydrol. Sci. J. 55(3), 459-466. Abstract The design of an alluvial channel affected by seepage requires information about five basic parameters: particle size, water depth, energy slope, seepage velocity, and average velocity. The conventional approach to predicting the incipient motion in an alluvial channel cannot be applied in the case of a channel affected by seepage. Metamodelling techniques are nowadays widely used in engineering design to simulate a complex system. Here, a metamodel is described which employs the radial-basis function (RBF) network to predict the seepage velocity and energy slope based on experimental data under incipient motion conditions. It was found that the model fits experimental data very well and provides predictions for the design. With the help of the metamodel generated by the RBF network, design curves based on the RBF metamodel are presented for use in designing an alluvial channel when it is affected by seepage.
INTRODUCTION
Incipient motion of streambeds is a fundamental process with applications to a wide variety of research problems, such as palaeohydraulic reconstructions placer formation, canal design, flushing flows and assessment of aquatic habitat (Buffington & Montgomery, 1997 ). Incipient motion is described as the condition required to initiate motion. At the point of incipient motion, a particle experiences a critical shear stress that sets it in motion. If the force of the flowing water is less than the critical shear stress, particles will remain motionless. Only when the force exerted by the flowing water is greater than or equal to the critical shear stress will movement be observed. The response of an alluvial bed to forcing by a fluid which flows through and over the bed has been the subject of continuous inquiry for nearly a century (Shields, 1936; Mantz, 1977; Lavelle & Mofjeld, 1987; Buffington & Montgomery, 1997; Rao & Sitaram, 1999; Pilloti, 2001; Marsh et al., 2004) .
Seepage through boundaries of alluvial canals, rivers and streams is a common occurrence due to the porosity of the granular material as well as the difference in level between the groundwater and surface water in the canal. Seepage losses from alluvial canals have been estimated to range from 15 to 45% of total inflow (Van der Leen et al., 1990) . Clearly there is a continuing need to study or analyse seepage phenomena taking place in alluvial canals (Hotchkiss et al., 2001) . To assess the effect of seepage on detachment of the particles, it is important, first of all, to know the direction and velocity of the flow in the soil pores. Generally, two types of seepage flow can occur in the field: injection (upward seepage: groundwater contribution to the canal) and suction (downward seepage: contribution of water from the canal to the groundwater). The literature is replete with studies of the effect of suction and injection on incipient motion (Richardson et al., 1985; Cheng & Chiew, 1999; Rao & Sitaram, 1999; Day & Zanke, 2004; Francalanci et al., 2008; Lu et al., 2008) . A canal bed becomes more stable in the case of upward seepage (Rao & Sitaram, 1999; Day & Zanke, 2004) . This means that the condition of upward seepage is not so important in designing an alluvial canal. The case of downward seepage is more vulnerable (Rao & Sitaram, 1999; Chen & Chiew, 2004) . However, it is interesting to note that design methods are not available to take account of the seepage effects in the design of alluvial canals. Here, it may be worth mentioning that the Shields diagram does not include the effect of seepage on incipient motion.
Metamodelling is a technique presently being utilized in almost all branches of science as an alternative, and complementary, to the more traditional physicallybased modelling system (Kleijnen, 1987; Sztipanovits, 1998) . Metamodels have been used in a wide variety of applications, including calibration of a water distribution system (Lingireddy & Ormsbee, 1998) , modelling of chemical reactors (Kalagnanam & Diwekar, 1997) , and complex groundwater modelling (Johnson & Rogers, 2000) . Metamodelling techniques have been used to study several hydrological and hydraulic phenomena, including water quality, streamflow, rainfall, runoff, sediment transport, and to infill missing data (Govindaraju, 2000) . Yitian & Roy (2003) used neural networks to model flow and sediment transport in river systems. Caamaño et al. (2006) used a metamodelling technique to derive the bed-load sediment transport formula. The metamodelling technique has also been applied for the design of an alluvial channel at incipient motion without considering the seepage effect (Rao et al., 2007) . Recently, Khan et al. (2008) used neural network modelling to quantify the spatial distribution of channel seepage. This paper describes an attempt to apply the metamodelling technique to the sediment transport problem. The objectives of this study are: to develop a radial-basis function (RBF) metamodel to simulate and predict the incipient motion of an alluvial channel with seepage, and to demonstrate the practical capability and usefulness of this technique.
EXPERIMENTATION
The experiments were conducted in two types of laboratory flume. The flume characteristics, seepage arrangement and experimental procedure are as follows.
Flume 1 This is a tilting type of flume (so that the bed slope can be changed in either a positive or negative direction), 360 cm in length, 15.75 cm in width and 20 cm in depth. A sand bed thickness of 5 cm was maintained in the flume. The sand bed is laid on a perforated sheet at an elevated level from the canal bottom, and covered with a fine wire mesh (to prevent the sand falling through) to facilitate the seepage flow through the sand bed. The space between the perforated sheet and the canal bottom acts as a pressure chamber to allow seepage flow through the sand bed, in either a downward or an upward direction, by creating a pressure difference lower or higher, respectively, than the canal flow. Thus, the sand bed was subjected to seepage over a length of L ¼ 240 cm from the downstream end of the flume, and the remaining 120 cm was used for the stabilization of the inlet flow. The seepage arrangement is shown in Fig. 1 . Flume 2 This flume has a 23-cm-thick sand bed in a straight, rectangular, smooth, rigid-walled flume, 61.5 cm wide and 1416 cm long (excluding a length of 560 cm for entry and stilling arrangements), facilitating the application of uniform seepage in either direction perpendicular to the bed over a length of 1275 cm. Maintaining the water-surface elevation in the water jacket lower or higher than the water level in the main canal can control the rate of seepage flow in suction or injection. The only means of flow between the main canal and the water jacket surrounding it is due to seepage through the sand bed. The sand bed is supported on a perforated aluminum plate covered on its top with a fine wire mesh.
Sand sizes for experiments
Six different grain sizes, of diameter d 50 ¼ 0.58, 0.65, 0.8, 1, 1.3 and 3 mm, were used as bed material for seepage studies. All sizes have fairly uniform material with gradation coefficients, s ¼ 0:5ðd 84 =d 50 þ d 50 =d 16 Þ, in the range 1.08-1.3 (where d 16 , d 50 and d 84 are the sizes pertaining to 16, 50 and 84% finer, respectively). In order to generalize the model and improve its predictability, experiments conducted by Rao & Sitaram (1999) were also taken and analysed during the modelling process.
Procedure and measurements
Initially, the sand bed was made plane for all the experiments with a required bed slope, S o . Then inflow discharge, Q was allowed. After reaching stable conditions, slowly seepage flow, q s (suction or injection) was allowed to set the condition to incipient motion. A tailgate at the downstream end of the canal was used to adjust the flow depth. Pressure tappings were provided at some sections inside the sand bed to measure the seepage gradients to verify the uniformity of seepage flow. The criterion for incipient motion developed by Yalin (1976) was also used in the present case, which is incipient motion with seepage. Before and after the application of seepage, the water surface elevations were measured with an accuracy of AE0.015 mm of water head at regular intervals along the canal by using a digital micro manometer (Rao, 2005) in order to determine the water surface slope, S w . Flow depths, y, along the central line of the canal were measured at regular intervals using a point gauge. The amount of Q and q s were measured either volumetrically or with calibrated orifice meters. The values of S f were calculated based on the values of S o and S w , since S f ¼ S w -S o . In the modelling, u (average velocity) was used instead of Q, and v s (seepage velocity) was the seepage term. The value of u was calculated by dividing Q by area, and v s was calculated in the same way. Thus, the basic variables S f , u, v s , and y for each particle size (d ¼ d 50 ) were obtained in each experimental run, and are presented in Table 1 .
According to Rao & Sitaram (1999) , the incipient motion with seepage follows the equation:
where t bo is bed shear stress, t co is the Shields critical shear stress, t cs is the critical shear stress after application of seepage. The present experimental observations were also processed through equation (1) and are plotted in Fig. 2 . As shown in Fig. 2 , all the data points fall on the curve proposed by Rao & Sitaram (1999) , indicating the validity of the present observations.
METAMODELLING PRINCIPLE
Many types of metamodel have been proposed over the last 25 years, including: polynomial regression, neural networks, radial-basis functions and splines (Sargent, 1991; Kleijnen & Sargent, 2000) . Metamodels are also referred to as surrogate models, because it is impractical to construct multiple prototype versions of the real system, or because cost or other constraints prohibit experimentation with the real system. Jin et al. (2001) provides a survey and discussion of the key properties of several types of metamodel. Polynomial regression is the most common; however, in general, such models are not suitable for fitting complex surfaces (Sargent, 1991; Barton, 1992) . Franke (1982) found that radial basis functions (RBFs) are superior to all other metamodelling techniques based on empirical comparison. Radial basis functions have been used extensively for interpolation, regression and classification, owing to their universal approximation properties and simple parameter estimation (Hardy, 1971; Dyn et al., 1986; Powell, 1987; Broomhead & Lowe, 1988) . Radial basis function networks are also good at modelling nonlinear data (Poggio & Girosi, 1990; Buhmann, 2000) . They can be trained in one stage rather than using an iterative process, as in the multilayer perceptron (MLP) network and also learn the given application quickly (Park & Sandberg, 1991) .
RBF MODELLING
The objective of this study is to construct a RBF metamodel that approximates an unknown input-output mapping on the basis of given simulation data. The architecture of an RBF model is illustrated in Fig. 3 . The network consists of three layers: an input layer, a hidden layer and an output layer. The output of the RBF in Fig. 3 is calculated according to (Haykin, 1994) :
where x is the input vector matrix, f is a basis function, ||Á|| denotes the Euclidean norm, w 1j are the weights in the output layer, j is the number of neurons (and centres) in the hidden layer, and m is the RBF centres in the input vector space. The first (input) layer distributes input vectors to each of the receptive field units in the second (hidden) layer without any multiplicative factors. The hidden layer has j receptive field units (or hidden units), each of which represents a nonlinear transfer function, referred to as the basis function. The hidden units play a role in simultaneously receiving the input vector and nonlinearly transforming the input vector into a j-dimensional vector. The outputs from the j hidden units are then linearly combined with weights to produce the network output at the output layer. There are several common types of function used, for example, the Gaussian, the multiquadric, the inverse multiquadric and the Cauchy (Park & Sandberg, 1993) . The present work uses the multiquadric function, which is given as:
where parameter s controls the "width" of the RBF and is commonly referred to as the spread parameter (Ham & Kostanic, 2001 ). The RBF model is Fig. 2 Validation of the present observations.
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completely defined by the parameters s, m and w. Therefore the RBF design problem is that of determining its three j parameters, namely, j widths, j centres and j weights. It is quite common in many applications to use a global width. Then the number of parameters to be determined reduces to (2j + 1). Each of these can have a significant impact on the quality of the resulting fit, and good values for each of them need to be determined. The crucial problem is how to select centres appropriately (Feng & Liu 1994) . According to Bian (1988) , the statistical F test is used to choose the number of centres, and the K mean method is used to locate the centres. The basis of the K mean method is the criterion for the squared sum of errors. This algorithm also starts from zero centres, and selects centres in a forward selection procedure. The algorithm finds (among the data points not yet selected) the data point with the largest residual, and chooses that data point as the next centre. This process is repeated until the optimum number of centres is reached. All of the modelling work was done using the toolbox of MATLAB ® 7 (MATLAB ® Version 7, www.themathworks.com). To decide the width, the TrialWidths algorithm of MATLAB ® 7 was used. This routine tests several width values. A set of trial widths equally spaced between specified initial upper and lower bounds are selected. The width with the lowest value of generalized cross-validation is selected. The total number of data points at incipient condition is 51 and this contains the present experimental data. There are five basic design variables, namely: particle size, d; flow depth, y; flow velocity, u; seepage velocity, v s ; and friction/energy slope, S f . The input parameters are u, d and y and the output parameters of the model are v s and S f . In order to get a good fit with an RBF, it is important to determine the maximum number of centres. To get a better fit, different combinations of centres, RBF functions and regularisation parameters were tried. The best-fit model is a RBF using a multiquadric kernel with 21 centres and a global width of 0.0831. The plots of model prediction and observed experimental point are shown in Fig. 4(a) and (b) for S f and v s , respectively.
Design curves
Of the five basic parameters which define the incipient condition, u, d, y, v s and S f , at least two need to be known to solve the remaining three. Based on the RBF model, design curves were generated in order to predict the other unknown parameters. As discussed, the seepage affects the bed shear and, hence, the conventional Shields curve cannot be used to predict such incipient motion conditions affected by seepage. The important observation here is that, due to the seepage, the depth of flow is decreased in the main channel and, hence, the main flow velocity is also affected. The energy slope is also not constant, because of variations in flow rate due to seepage. A stable relationship between sediment transport and flow can, at best, only be expected in a situation where the mechanisms controlling sediment transport are dependent only on the rate of flow of water in the channel and seepage occurring through the channel. Thus, it is felt that the "stream power" concept is more appropriate for describing seepage-induced incipient motion in an alluvial channel. The stream power concept for sediment transport was introduced by Velikanov (1954) and developed by Bagnold (1966) and Bull (1979) . Stream power is the time rate of potential energy expenditure per unit boundary area (Bagnold, 1966) given by bed shear stress multiplied by average velocity of flow. Given the basic knowledge of a stream cross-section (depth of flow, average velocity and average bed slope), it is possible to compute the stream power per unit boundary area for a range of flows. In functional form, stream power can be expressed as:
Hence, if discharge per unit width is considered, stream power is a combination of depth of flow, y, slope of the channel, S f , and average velocity, u, in the channel. Since the main aim of the present work is to design the channel at threshold condition, stream power is the controlling parameter for initiation of the sediment particles. As shown in Fig. 5(a) , S f will increase with increasing y at constant particle size, d. This is because increasing y will increase the energy slope, assuming that the flow velocity and seepage velocity are constant. When u is constant and y is increasing, S f will initially decrease, as shown in Fig.  5(b) . The variations in y and S f are controlled by u, because the threshold condition should exist in the channel, which is represented by a combination of these three parameters. It can be seen from Fig. 5 (b) that S f initially decreases for y up to 0.046 and then increases again. Hence, the model that has been derived from the experimental data is influenced by the combination of variations in y, S f and u. The fourth parameter, v s , influences the other three parameters at incipient motion; this can be seen in Fig. 5(c) , which shows the behaviour of v s with the parameters y and u.
Increasing y results in a decrease in the flow velocity for a constant discharge. In order to maintain the threshold condition, Q has to increase, which results in increased seepage velocity. These variations differ from one to another and are governed by the stream power concept, until the channel adjusts to its stable condition. This may result in a decreasing trend of v s after some flow depth, as shown in Fig. 5(c) .
The design of an alluvial channel can be performed on the basis of the charts given in Fig. 5(a)-(c) . The use of these design charts requires knowledge about at least two parameters: if particle size and flow velocity or water depth are known, S f can be estimated from Fig. 5(a) ; based on the values of S f and y, u can be estimated from Fig. 5(b) ; and the values of v s from Fig. 5(c) . Figure 5 (d) has been provided to cross-check the measurements made through Fig. 5(a)-(c) . Here, it is worth mentioning that the subjectivity of these design curves (Fig. 5) lies in the experimental range covered in the present paper.
CONCLUSIONS
The conventional Shields approach cannot be used in the prediction of incipient motion of an alluvial channel affected by seepage. In this case, a traditional parametric design analysis is inadequate for the analysis of incipient motion with seepage; therefore, a departure from the traditional parametric design approach is required. Metamodels are frequently utilized to construct a model in cases of very complex behaviours. Although there are several techniques for developing the metamodel, in this work, the RBF approach is considered in designing the incipient motion with seepage. The model fits the experimental data very well. Thus, this approach gives an approximation route for designing the system. Design charts have been developed for designing an alluvial channel affected by seepage. 
